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INTRODUCTION
The advancement and diffusion of information and communication technologies have led to the generation of massive
amounts of data. By virtue of volume and heterogeneous characteristics, this data is known as big data. According to the
Fortune Business Insights (2025) report, the big data technology market size is projected to grow from USD 397.27 billion
in 2024 to USD 1,194.35 billion by 2032, at a CAGR of 14.8%. The significance of data and the use of data-related
technologies have increased manifold in accounting and related domains (Richardson et al., 2019), and companies are
experiencing internal and external pressure to integrate these technologies into their business operations (Jackson et al.,
2023). Digitization has reshaped the business world, and business data repositories are regarded as key corporate assets in
modern definitions of business. Heterogeneity in the characteristics and speed of big data makes it difficult to process and
extract meaningful insights by simply using traditional data analytics tools. Thus, unrefined big data, as raw data, cannot be
used; it has to be transformed into a processable form to become a valuable asset that drives profitable activities. Over time,
many business analytics techniques have been developed to facilitate data collection, analysis, and timely dissemination of
information to support real- or near-real-time decision-making (Rikhardsson & Yigitbasioglu, 2018). Big data analytics
(BDA) enables the extraction of meaningful insights from organizational data reservoirs, thereby improving the financial
sustainability of corporates. BDA is regarded as one of the most widely implemented technologies, enabling organizations
to achieve greater operational efficiency and a stronger competitive position (Akter et al., 2016; Lutfi et al., 2022). Modern
database architecture can collect and analyze financial and non-financial data, enabling business managers to intervene
concurrently in strategic decision-making (Munir et al., 2022). Big data analytics has become an integral part of modern
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business ecosystems, and the entire business value chain is experiencing its influence with varying magnitude. The use of
big data enables improved decision-making, better learning, and greater innovation within firms. BDA enables decision-
makers to gain deeper insights into demand and supply patterns, thereby adding value through informed decisions (Irfan &
Wang, 2019).

As a data-driven decision science, management accountancy is likely to gain much from BDA through the prompt
availability of required inputs for various decision-making processes. Big data is increasingly used in accounting to process
information for actionable insights with speed and accuracy (Elawadly, 2026; Munir et al., 2022). Richins et al. (2017) opine
that big data will rewrite the profile of accountants. Management accounting is critically modifying every facet of a
company's business success, and management accountants need to take the lead in technology adoption (Rikhardsson &
Yigitbasioglu, 2018). Aghakishi (2023) argues that management accounting will increasingly depend on leveraging big data
and other emerging technologies to drive strategic insights and operational efficiency. Therefore, management accountants
have to be able to understand big data analytics and communicate its outcomes. With technological advancement, the focus
of management accountants' jobs will shift away from human existence and working mechanisms. Innovations have shifted
the focus of management accountants from just being strategic advisors to being strategic partners in the business arena
(Ramachandran, 2019; Varma, 2018). This shift is fundamental and transformative; therefore, the integration of technology
and strategic thinking needs to align with the role of management accountants in a data-driven era. The new, innovative data
sources present opportunities and challenges for all professionals working with data and information, including management
accountants (Tiron-Tudor & Deliu, 2021). Findings from Spraakman et al. (2021) highlight the expanding role of
management accountants in decision-making due to their data analytics capabilities. However, management accountants
have not reaped the full benefits from it. Analytical activities are still confined to the descriptive level only. Researchers
also highlighted the behavioural aspects of technology diffusion in business-related domains. Schmidt et al. (2020) found
that some accounting professionals are not moving beyond Excel and are resisting the adoption of new analytics
technologies. Attitude and subjective norm are significant antecedents of management accountants' intent to use big data
technologies (Varma, 2018).

Business operations have transformed with the use of BDA in decision-making. As a fast-growing economy, India
is witnessing rapid digitalization across sectors, backed by technological infrastructure, technical literacy, and digital
governance. The IT-enabled business ecosystem has created enormous opportunities to integrate BDA into the management
accounting domain (Karina et al., 2025). The technological disruptions such as BDA, machine learning, and artificial
intelligence in finance have significantly altered the dynamics of traditional management accounting practices, including
budgeting, cost control, auditing, performance management, and strategic decision-making. Management accountants are
now expected to perform more strategic and data-oriented roles. Therefore, it becomes critical for management accountants
to shift their roles from transactional tasks, such as bookkeeper, scorekeeper, accountant, and auditor, to data-oriented
decision roles. On the governance front, the Institute of Cost Accountants of India (ICMALI) is the only statutory professional
body in India to regulate the cost and management accountancy profession. As the highest-cost and management
professional body in the world, the ICMAI has taken various advanced initiatives to embrace emerging technologies such
as business analytics, big data analytics, and artificial intelligence in cost and management accounting practices. This
includes updating curricula, conducting workshops, seminars, webinars, short-term courses, and similar events to build the
capacity of management professionals.

Research momentum in 'big data analytics' began in 2016. Aldossari et al. (2023) conducted a systematic literature
review. They found a maximum of 16 studies on this theme in 2021, followed by a downward trend until 2017, after which
only one study was found in 2016. Varma et al. (2021) pointed out the growing academic interest in the 'big data and
accounting' theme, particularly in auditing activities; however, BDA adoption in management accounting is a very little
explored subject. The empirical research work on the 'big data analytics and management accounting ' theme, particularly
in the Indian context, is missing in the reputed indexed databases. This motivates us to explore the adoption of big data
analytics by Indian management accountants in their working practices. This research seeks to investigate a comprehensive
set of structural factors that affect BDA adoption across technological, organizational, and environmental contexts. The
outcome of this work has practical implications for organizations, business managers, management accountants, technology
solution providers, and other interested stakeholders, encouraging them to act instrumentally to drive wider adoption of
BDA in management accountancy and to leverage technology-enabled, data-driven decision-making opportunities. More
precisely, our work is a novel effort to investigate the significance of factors influencing BDA adoption among professional
management accountants, using quantitative data in the Indian context. Utilizing primary responses from experienced
professional cost and management accountants, the study will draw on the theoretical foundation of the TOE framework
and state-of-the-art PLS-SEM, implemented in open-source R, to examine the factors influencing BDA adoption from the
perspective of Indian management accountants. This whole work is divided into six sections. After conducting an extensive
literature review in Section 2, Section 3 shall provide a detailed methodological description under 'method and material'.
Section 4 presents a detailed analysis of the data and results. The results will be discussed in Section 5. Finally, the
conclusion is presented in Section 6, which discloses limitations, theoretical and practical implications, and directions for
future research.

LITERATURE REVIEW
The Internet of Things (10T), Industrial Internet of Things (110T), Information and communication technologies (ICT), and
economic data storage alternatives such as cloud computing have facilitated the generation and storage of big data at the
enterprise level (Dai et al., 2020). Big data analytics refers to the use of advanced techniques and capabilities to analyse and
visualise large datasets. Five analytical methods were described by Sivarajah et al. (2017), namely descriptive analytics for
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reviewing history; inquisitive analytics attempts to find the reason for historical happenings; a step ahead, predictive
analytics peeks into future happenings; and, finally, prescriptive and pre-emptive analytics concurrently intervene in the
ecosystems to achieve desired results. BDA has emerged as an important topic in both the academic and business
communities due to promising opportunities for improved business performance and value creation (Barnes et al., 2022;
Chen et al., 2012; Gandomi & Haider, 2015). Previous researchers have studied BDA adoption from multiple perspectives
and with respect to intentions. The central argument in the literature is that adopting BDA helps organizations unlock hidden
value, improve performance, and achieve a competitive advantage (Danielsen et al., 2021). Both short- and long-term
business objectives may be attained through BDA adoption (Zhu et al., 2021). Management accountants play a pivotal role
in data-driven decision-making at both organizational and individual levels. Their responsibilities include guiding strategic
choices, enabling process optimisation, and providing actionable information utilising data. For stewardship accounting,
planning, MIS development, process optimization, internal controls, and various strategic decisions, management
accountants dedicate significant effort to data acquisition, analysis, and inference. Access to high-quality, real-time
accounting and costing information is crucial for making impactful financial and non-financial decisions. Accordingly, BDA
adoption may empower management accountants to intervene effectively in information ecosystems, thereby supporting
calibrated business outcomes.

Reflecting forward thinking, management accountants (MAs) have shifted their orientation from strategic advisor
to strategic business partner within organizations (Varma, 2018). MAs are used to perform basic and advanced analytics on
traditional structured datasets. However, big data analytics capabilities integrate semi-structured and unstructured datasets
to provide actionable insights in real time. Richins et al. (2017) argue that BDA complements and supplements the
management accountants' skills and knowledge, and that they are well positioned to play a pivotal role in problem-driven
analytics of unstructured data sets. Therefore, MAs must utilize BDA's capabilities in decision science. Spraakman et al.
(2021) suggest that management accountants have not expanded beyond the descriptive nature of analysis, deploying
complex models and integrating both external and internal operational data; thus, BDA opportunities remain underutilized.
According to a survey by Schmidt et al. (2020), some accounting professionals were comfortable with basic traditional data
analytics tools but resistant to moving beyond Excel and adopting newer technologies such as BDA.

The impact of BDA on management accounting is transformative; however, integrating big data analytics into
management accounting practices entails several technical, organisational, environmental, ethical, and behavioural issues
that organisations must address (Aghakishi, 2023). The adoption of BDA depends on several factors, including skill set,
training, ease of use, expected effort, performance expectancy, organizational culture, regulatory regime, concerns about
potential job losses, and accidental data exposure. The perceptions and readiness of management accountants towards BDA
adoption are influenced by technical and other external factors (Grosu et al., 2023). Every new technology comes with great
merits over existing technology, but always suffers from afrom a few demerits. There has been a constant struggle with the
BDA benefits and barriers that prevent its adoption. Therefore, knowing which factors encourage and prevent management
accountants from using BDA is essential to address them effectively and promptly.

The empirical relationship between BDA adoption and organizations and firms (including SMEs) has been
examined by previous researchers (Alquhaif & Al-Mamary, 2025; Babalghaith & Aljarallah, 2024; Gangwar, 2018; Lai et
al., 2018; Lutfi et al., 2022; Verma & Chaurasia, 2019). The adoption of BDA in the auditing function was examined by
Saud et al. (2025) and Abdelwahed et al. (2025). Vysotskaya and Prokofieva (2025) examined technology acceptance in
management accountancy from the educational perspective. Studies suggest that Indian organisations are increasingly
utilising data analytics tools to improve performance through data-driven strategic planning. Findings by Sarbhai and Khare
(2024) underscore the importance of BDA capabilities in managerial decision-making. Indian organizations experienced a
positive influence of BDA capability on strategic planning, thereby improving firm performance (Begum & Rahman, 2026).
Dubey et al. (2022) examined the role of BDA capabilities in achieving competitive advantage by Indian service-sector
MSMEs. The findings emphasize that BDA capabilities can help medium and small firms achieve sustainable
competitiveness, especially in uncertain business conditions such as the COVID-19 pandemic. Bag et al. (2022) identified
critical technological and organizational barriers that influence technology adoption in Indian manufacturing supply chains.
These works have addressed critical issues and enriched the theoretical and knowledge bases; however, very limited
attention has been given to explaining how these challenges affect core management practices such as budgeting, cost
management, Internal controls, and managerial reporting mechanisms. Further, due to the rapid evolution of big data,
machine learning, and artificial intelligence, management accounting professionals must possess analytical and
technological competencies to support predictive and prospective decision analysis (Renu & Goyal, 2026). This fundamental
shift in the role of management accountants underscores the immediate need to conduct empirical studies to examine Indian
management accountants' perspectives on the adoption of BDA.

The fundamental elements of the Technology-Organization-Environment (TOE) framework (Tornatzky &
Fleischer, 1990) were utilized. TOE comprehensively integrates internal and external variables and frameworks, which is
readily reconcilable with diffusion of innovation theory. The TOE framework integrates environmental and societal
characteristics of technology, thereby providing a holistic picture independent of organizational size and location (Sharma
et al., 2023). Aldossari et al. (2023), in a systematic literature review, found that TOE was the most dominant theory used
in BDA adoption studies, followed by TAM, UTAUT, Resource-Based Theory, and DOI. TOE is an extremely popular and
widely used theory in technology adoption studies for its ability to measure theoretical and psychological factors (Aldossari
et al., 2023). Although other models, such as TAM, TAM2, DOI, and UTAUT, are regularly used by researchers in the
technology adoption phenomenon, they have certain limitations. For example, TAM mainly focuses on individual usefulness
and ease; it ignores organizational factors. TAM2 is an individual-centric model that primarily focuses on user acceptance;
it also considers social influence, but it remains largely individual-focused. DOl overemphasises its innovation while
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overlooking the organisational context. Therefore, the TOE is the most suitable model due to the greater weightage of the
organizational dimension relative to individuals' attributes, especially for gauging BDA adoption among Indian management
accountants. Drawing on the literature and context, this study proposes the conceptual model shown in Figure 1.

Relative advantage

(RLA) t
Compatibility H;
1 | -
(COMPT) . Big data analytics
> adoption (BDAA)
Complexity >
(COMPLX) H3
Vendor Support H,
(VENDS)

Figure 1. Conceptual Model
Source: Authors' Own Creation

The adoption of big data analytics in management accounting work practices is a technological application. The
technological context in the adoption study is a very critical aspect as it incorporates both endogenous and exogenous
elements (Maroufkhani et al., 2020). One widely used technical factor is relative advantage. Rogers (2003) defines relative
advantage as the degree to which the adoption of new technology is perceived as superior to prevailing technology. Relative
advantage addresses the organisational intention to adopt technology, which is primarily driven by perceived improvements
in organisational performance (Baker, 2012; Kapoor et al., 2015). The advantages of new technology over existing
technology can be one reason for BDA adoption by management accountants.

Organizations operate in pursuit of a targeted mission through a complex network of physical and virtual resources.
The fit between organizations' existing technology and prospective technology significantly influences the adoption decision
(Salleh et al., 2015). Compatibility refers to the extent to which the new technology is perceived as aligned with an
organization's existing practices and infrastructure. With respect to BDA technology adoption in management accounting
work, an organization should evaluate the compatibility of the proposed technology with its infrastructure and workforce
technical capabilities, and ensure that management provides the necessary support for compatible technologies
(Maroufkhani et al., 2020). In general, compatibility is a technical factor; to a great extent, compatibility associated with
BDA adoption in management accounting is an organizational factor. This is because cost and management accounting data
are strategic assets of organizations and, unlike financial information, are not publicly available. In the Indian regulatory
regime, cost records and cost audit are mandated for a certain class of companies. The costing and associated management
accounting records and audit findings are used by stakeholders, including the government, for pricing decisions and policy
interventions. Besides this, the organizations use this information for various decision-making purposes. Therefore,
prospective technology must be compatible to accommodate current and future dynamics. Prior researchers empirically
established compatibility as a significant influential factor (Chen et al., 2015; Gangwar, 2018; Kapoor et al., 2015; Verma
& Bhattacharyya, 2017).

The adoptionThe adoption process for newer technology might fail if users perceive it as too difficult to understand
and use (Rogers, 2003). Complexity associated with technology is a key factor in the adoption process. Complexity is the
degree to which an innovation is difficult to understand and apply. Complex technological innovations are not appreciated
by users even though they are superior to existing ones (Lutfi et al., 2022). From a generic user's viewpoint, it is expected
that the newer technology can be learned easily and should have few similarities to the existing one. Complexity is negatively
associated with BDA adoption in previous research (Gangwar, 2018; Lai et al., 2018; Maroufkhani et al., 2020).
Overcomplexity creates a dilemma, and users are less likely to adopt BDA if they perceive it as complex.

In the BDA adoption process, the external environment plays a crucial role. Organizations always focus on their
core products or services to establish unique selling propositions. To adopt technical innovations like BDA, organizations
need immediate external technical support to understand the true merit of newer technology solutions for their businesses.
Demonstration of BDA capabilities on a free trial basis and after-sales services at a reasonable cost are genuine expectations
from vendors. Vendors providing BDA-related technical solutions must critically evaluate distinct business complexities to
offer a tailored solution to the parties. Merely generic solutions cannot be translated to solve a working problem with normal
efforts (Caesarius & Hohenthal, 2018). BDA service providers and vendors should critically analyse the target organisations'
current environment and data practices to develop BDA tools and customised plans (Yadegaridehkordi et al., 2018). Specific
support from vendors or third parties encourages organizations to adopt BDA (Gangwar, 2018). Management accountants
deal with strategically oriented data within an organization, as well as data from various clients, in their roles as practitioners
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or consultants. Therefore, data security is of utmost importance, especially when using third-party tools or publicly
accessible servers. BDA tools installed by vendors must have robust data security checkpoints that align with organizational
data security policies and regulatory standards. Technical support with data security assurance is likely to encourage
management accountants to adopt BDA.

Knowing the relative importance of each factor discussed will help develop appropriate strategies. Stakeholders
can appreciate their roles and responsibilities once it is empirically established how a factor influences BDA adoption, which
is crucial for the data-rich accounting domain of 'Management accounting'. Against this backdrop, we propose the following
hypotheses.

Ha: The relative advantage of BDA positively influences its adoption.

Ha: A higher degree of compatibility positively influences BDA adoption.

Hs: A higher level of complexity involved in BDA is negatively associated with BDA adoption.
Ha: There is a positive relation between vendor support and BDA adoption.

MATERIALS AND METHODS

Based on items used in similar previous studies, the survey instrument was prepared (Table 1). These items were modified
to suit the study's context. Before floating the instrument for actual data collection, the survey questionnaire was exposed to
four industrial experts and two practitioners engaged in management accountancy and data-related domains for their
opinions and comments. One language expert was also invited to improve the instrument's face. Experts' feedback included
adding, altering, deleting, and inter-construct swapping of a few items. This calibration of the instrument is necessary owing
to the novelty of the study's context. Incorporating the suggestions and comments from experts, the questionnaire was
designed on a seven-point Likert scale ranging from 1 (strongly disagree) to 7 (strongly agree). After a pilot study, the final
instrument was deployed for final data collection.

Table 1. Items Reference Sources

Factor Short name  Description Reference sources
Relative Advantage RLA Superiority of innovation over existing ones. (Gangwar et al., 2015; Lutfi et al., 2022; Maroufkhani et
al., 2020; Sharma et al., 2023)

Compatibility COMPT Innovation can accommodate existing features,  (Akter et al., 2016; Aldossari et al., 2023; Gangwar, 2018;
processes and resources. Ghaleb et al., 2023; Lutfi et al., 2022)

Complexity COMLX Abstract measure of the difficulty of using and  (Kapoor et al., 2015; Lutfi et al., 2022; Maroufkhani et
understanding an innovation from users' al., 2020)
viewpoint.

Vendor Support VENDS Third parties to extend support and (Gangwar, 2018; Maroufkhani et al., 2020)
encouragement for adopting and using an
innovation.

Source: Authors’ compilation

This study targets Indian cost and management accountants working in industry or practising the cost and
management accountancy domain. To ensure a high-quality sample, only professionally qualified cost and management
accountants (CMAs) from The Institute of Cost Accountants of India (ICMAI) with at least 4 years of work experience were
included in the study. Several reasons have been identified for selecting this population type. Only this professional body
has statutory status and power to regulate the cost accountancy profession in India. Two, the CMA course delivery
mechanism is a blend of a rigorous academic curriculum and practical training modules in industry and at practising firms.
Three, CMAS practise cost management accountancy in the public domain or have a substantial say in the decision-making
process of any organization. Fourth, the population is geographically spread over India. As the population in this study is
homogeneous with sufficient working experience of the subject, the sample size can be worked out by following the
statistical relationship (Kumar et al., 2013; Tambuskar et al., 2024)

Sample size = Z?x p x (1-p) / H? (x denote multiplication sign)

At a 95% confidence level, the value of Z = 1.96 (normal distribution table); p is the estimated proportion of the
population that presents the characteristics; p = 0.5 can be used as a conservative value; higher or lower values yield a
smaller required sample size; and H = margin of error (10% or 0.10). Applying the above formula, sample size = (1.96)2 x
0.5(1-0.5) / (0.1)?> = 96.04. Thus, a minimum of 96 completed questionnaires is required. Using email networks, public
directories, and personal contact, a form was circulated via a mobile WhacoWhacollector to collect responses from 400
potential respondents. This was followed by two gentle reminders, each at one-week intervals. In the Google Form, all fields
were marked mandatory, so there was no scope for missing values or incomplete responses. A total of 242 responses were
collected for utilization in this study.

The hypothesized model was tested using the Structural Equation Modeling-Partial Least Squares (SEM-PLS)
method through R programming. There are several reasons to consider PLS-SEM and R programming. PLS-SEM is a
multivariate statistical technique that enables the estimation of complex relationships among multiple exogenous and
endogenous constructs within a single model. Unlike CB-SEM (covariance SEM), which requires normally distributed data,
PLS-SEM is quite robust to skewness and kurtosis. Compared to CB-SEM, PLS-SEM can obtain a solution with a smaller
sample size (Hair & Alamer, 2022). There is an increasing trend in the use of PLS-SEM in social science research (Hair &
Alamer, 2022; Hair et al., 2011, 2018, 2019, 2021). R is open-source, free software, and can be downloaded from the
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Comprehensive R Archive Network (CRAN) for various operating systems (R Core Team, 2024). The setup of R and
RStudio enables researchers to write code in the R console and view both textual and graphical output simultaneously. The
R programming language is becoming the preferred choice of researchers. We used the SEMInR package (Ray et al., 2020)
for PLS-SEM to test the relationship.

In PLS literature, the measurement and structural models are referred to as the outer and inner models, respectively
(Hair & Alamer, 2022). The theoretical model in this study is formed from reflective constructs (construct points towards
its items); therefore, the assessment of the outer model includes estimation of loadings and p-values, estimation of indicator
reliability and internal consistency, obtaining the average variance extracted (AVE) for convergent validity, and checking
for discriminant validity using HTMT (Hair et al., 2020). Once the reliability and validity of indicators and constructs are
established, the inner (structural) model is tested for collinearity. This follows the evaluation of path significance and the
assessment of the coefficient of determination R2. The next section provides a detailed assessment of the inner and outer
models.

RESULTS
Table 2 presents the demographic profile of 242 respondents.
Table 2. Respondents’ profile

Variables Category Frequency Percentage

Working Environment Industry 197 81.40
Practicing 45 18.60

Experience (years) 4-9 82 33.88
10-14 73 30.16

>=15 87 35.96

Age (years) <30 15 12.40
30-39 132 54.55

40-49 62 25.62

> 50 33 07.43

Source: Authors’ Compilation

The data for this study were collected through a self-administered online single-respondent survey. To rule out the
possibility of common method bias, a single-factor Harman test (Harman, 1967; Tehseen et al., 2017) was performed.
Podsakoff et al. (2003) suggest that data are free from bias if the first construct explained variance is greater than 50%. The
first factor accounted for 44% of the total variance, which is well below the recommended threshold of 50%. Thus, the
results of Harman's test confirm that common method bias is not a problem in this study.

Owing to differences in underlying theories, each measurement has distinct assessment conditions. While assessing
the quality of the reflective measurement model, both reliability and validity are evaluated at the indicator and construct
levels. The very first step is to examine indicator reliability, which measures the variance of an indicator explained by its
construct. The acceptable value of the loadings is greater than 0.708, indicating that the construct explains more than 50%
of the variance in the indicators. The loading values placed in Table Il are well above the threshold of 0.708, and the
indicators are reliable.

Table 3. Indicators’ Loading

ITEMS RLA COMPT COMPLX VENDS BDAA

RLA1 0.866 0.000 0.000 0.000 0.000
RLA2 0.852 0.000 0.000 0.000 0.000
RLA3 0.796 0.000 0.000 0.000 0.000
RLA4 0.849 0.000 0.000 0.000 0.000
RLA5 0.752 0.000 0.000 0.000 0.000
RLAG 0.803 0.000 0.000 0.000 0.000
RLA7 0.738 0.000 0.000 0.000 0.000
RLAS8 0.800 0.000 0.000 0.000 0.000
COMPT1 0.000 0.755 0.000 0.000 0.000
COMPT?2 0.000 0.779 0.000 0.000 0.000
COMPT3 0.000 0.819 0.000 0.000 0.000
COMPT4 0.000 0.762 0.000 0.000 0.000
COMPT5 0.000 0.780 0.000 0.000 0.000
COMPT6 0.000 0.788 0.000 0.000 0.000
COMPT? 0.000 0.769 0.000 0.000 0.000
COMPTS 0.000 0.800 0.000 0.000 0.000
COMPLX1 0.000 0.000 0.795 0.000 0.000
COMPLX2 0.000 0.000 0.833 0.000 0.000
COMPLX3 0.000 0.000 0.828 0.000 0.000
COMPLX4 0.000 0.000 0.808 0.000 0.000
COMPLX5 0.000 0.000 0.760 0.000 0.000
COMPLX6 0.000 0.000 0.785 0.000 0.000
VENDS1 0.000 0.000 0.000 0.784 0.000
VENDS?2 0.000 0.000 0.000 0.835 0.000
VENDS3 0.000 0.000 0.000 0.866 0.000
VENDS4 0.000 0.000 0.000 0.861 0.000
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VENDS5 0.000 0.000 0.000 0.837 0.000
VENDS6 0.000 0.000 0.000 0.796 0.000
BDAA1L 0.000 0.000 0.000 0.000 0.856
BDAA2 0.000 0.000 0.000 0.000 0.883
BDAA3 0.000 0.000 0.000 0.000 0.904
BDAA4 0.000 0.000 0.000 0.000 0.885

Source: R output, Authors’ Compilation

Internal consistency is evaluated by three measures: Cronbach’s alpha (alpha), Composite reliability (thoC), and
reliability coefficient (rhoA) (Pereira et al., 2024). As a rule of thumb, the values of (alpha) and (rhoC) should be greater
than 0.7; values above 0.95 are problematic. Reliability values of 0.95 or higher also suggest that the indicators are redundant
and that there is a problem with the response pattern. The value of the coefficient (rhoA) lies between conservative
Cronbach's alpha and rhoC. The reliability values in Table 3 meet-3 meet the criterion and fall within the 'satisfactory to
good' range (Hair et al., 2021). Convergent validity (equivalent to the communality) was assessed using the average variance
extracted (AVE). Table IV shows that all AVE values are greater than 0.50; therefore, the constructs explain more than 50%
of the variance in their respective indicators (Hair et al., 2022).

Table 4. Constructs’ Reliability

ITEMS alpha rhoC AVE rhoA
RLA 0.924 0.938 0.653 0.928
COMPT 0.909 0.926 0.611 0.911
COMPLX 0.889 0.915 0.643 0.890
VENDS 0.910 0.930 0.689 0.912
BDAA 0.905 0.934 0.779 0.906

Source: R Output, Authors’ compilation

To establish the distinctiveness of reflectively measured constructs in the model, discriminant validity was
evaluated using the widely accepted Fornell and Larcker (1981) criterion (FL) and the heterotrait—monotrait ratio of
correlations (HTMT) criterion. The FL matrix is presented in Table V, where the diagonal values (sqrt of AVE) are greater
than the off-diagonal values corresponding to the row and column. FL criteria are satisfied, and the constructs are distinct
from each other.

Table 5. Fornell and Larcker’s Criterion

TEMS RLA COMPT COMPLX VENDS BDAA

RLA 0.808 .

COMPT 0.772 0.782 .

COMPLX 0.393 0.391 0.802 .

VENDS 0.562 0.602 0.307 0.830 .

BDAA 0.766 0.742 0.340 0.624 0.882

Source: R Output, Authors’ Compilation

Some research work questions the reliability of FL criteria in empirical applications. Henseler et al. (2015)
established through simulations that FL, particularly SEMInR, is not a reliable measure of discriminant validity and becomes
inconsistent with slight changes in indicator loadings. Thus, a better measure of discriminant validity, the heterotrait—
monotrait ratio of correlations (HTMT), has been evaluated. A general threshold of HTMT < 0.90 and a conservative limit
of < 0.85. In Table VI, HTMT values are well below the conservative threshold, indicating that the model's constructs are
conceptually distinct.

Table 6. HTMT ratio

ITEMS RLA COMPT COMPLX VENDS BDAA
RLA .

COMPT 0.834 .

COMPLX 0.433 0.432 .

VENDS 0.613 0.660 0.342 .

BDAA 0.832 0.813 0.378 0.685

Source: R output, Authors’ Compilation

Further, a bootstrapping procedure (n = 1000, bootstrap subsamples) was performed, and the resulting bootstrap
confidence intervals are presented in Table VII. While performing bootstrapping, the significance level was set to 0.10
(default = 0.05) using the alpha argument. Doing so, 90% two-sided bootstrap confidence intervals (equivalent to 5% one-
tailed) for the HTMT values were obtained.
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Table 7. Bootstrapped HTMT

ITEMS Original Estimates  Bootstrap Mean Bootstrap SD T Stat. 5% ClI 95% ClI
RLA -> COMPT 0.834 0.831 0.043 19.472 0.753 0.893
RLA -> COMPLX 0.433 0.428 0.100 4.341 0.256 0.587
RLA -> VENDS 0.613 0.610 0.066 9.225 0.496 0.714
RLA -> BDAA 0.832 0.827 0.044 18.706 0.750 0.891
COMPT -> COMPLX 0.432 0.427 0.096 4.494 0.265 0.585
COMPT -> VENDS 0.660 0.658 0.062 10.601 0.546 0.753
COMPT -> BDAA 0.813 0.809 0.046 17.775 0.729 0.878
COMPLX -> VENDS 0.342 0.341 0.096 3.565 0.184 0.495
COMPLX -> BDAA 0.378 0.373 0.104 3.622 0.189 0.536
VENDS -> BDAA 0.685 0.685 0.062 10.992 0.577 0.780

Source: R Output, Authors’ Compilation

The bootstrap confidence interval in Table 7 above demonstrates the discriminant validity of the constructs in the
model. After establishing the reliability and validity of the constructs, the structural model was evaluated. The model was
evaluated for collinearity with the variance inflation factor (VIF). Hair et al. (2021) suggest that collinearity is not an issue
if VIF < 3. The VIF values ranged from 1.636 to 2.794, well below the threshold limits (Table 8). This indicates that the
model is free from collinearity problems.

Table 8. VIF Antecedents

BDAA: RLA COMPT COMPLX VENDS
2.62 2.794 1.215 1.636
Source: R output, Authors’ Compilation

In addition, the causal connections between the constructs were examined. This involves evaluating path
coefficients to assess the significance and relevance of the paths. Path significance assessment relies on bootstrapping
standard errors to calculate t-values for path coefficients. A path coefficient is said to be significant at the 5% level if the
value zero does not fall within the 95% confidence interval. Typically, path coefficients > 0.20 are considered significant.
Also, the value of bootstrapped T-statistic estimates (T Stat.) should be greater than 1.960.

Table 9. Bootstrapped Structural Paths

Hypothesis Original  Bootstrap Mean Bootstrap T Stat. 5% ClI 95% Cl  Decision

Est. SD
RLA -> BDAA (H)) 0.428 0.422 0.07 6.14 0.298 0.531  Supported
COMPT -> BDAA (H,) 0.286 0.286 0.073 3.913 0.164 0.404  Supported
COMPLX -> BDAA -0.005 -0.002 0.042 -0.116 -0.067 0.071  Not supported
(Hs)
VENDS -> BDAA (H,) 0.212 0.215 0.065 3.274 0.108 0.322  Supported

Source: R Output, Authors’ Compilation

In Table 9, the original estimates, T-stat, 5% CI, and 95% CI values provide the paths' strength and significance
levels for the hypotheses. It can be concluded that RLA has a strong positive impact on BDAA (0.422). Similarly, COMPT
and VENDS have significant positive influences on BDAA, with path coefficients of 0.286 and 0.212, respectively. In
contrast, the path coefficient of COMPLX -> BDA is just -0.005, with T-Stat = -0.166. It can be observed that the value
zero falls between the 5% and 95% Cls. Accordingly, H1, H and Ha are supported, and Hs is rejected. Finally, the coefficient
of determination was evaluated. The coefficient of determination (R?) assesses the explained variance in the dependent
(endogenous) constructs attributable to all independent (exogenous) constructs. R? (also called in-sample predictive power)
is a measure of the explained variance in endogenous constructs caused by exogenous constructs. The explanatory power
of the model for the endogenous construct (BDAA) yielded R?=0.671 and AdjR?=0.666 (Table-X). Referring to the recent
guidelines, Hair et al. (2021) categorized predictive power as substantial (0.75), moderate (0.50), and weak (0.25) based on
R?values. Accordingly, the predictive power of this model is very close to the substantial category. Figure 2 shows indicator
loadings, path coefficients, R?, and path significance at the 5% and 95% CI levels.

Table 10. Paths’ Explanatory Power

ITEMS BDAA
RA2 0.671
AdjR"2 0.666
RLA 0.428
COMPT 0.286
COMPLX -0.005
VENDS 0.212

Source: R output, Authors’ Compilation
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Figure 2. Model Graphics: Factor Loadings, Path Coefficients, Explanatory Power and Confidence Levels
Source: Output from R

DISCUSSIONS

Findings: This work indicates that relative advantage, compatibility, and vendor support are statistically significant factors
in the adoption of BDA among Indian professional management accountants. Results support these findings and support the
developed hypotheses Hi, H, and Hai. Relative advantage has emerged as the strongest predictor of BDA adoption. This
confirms that relative advantage positively and significantly influences BDA adoption by virtue of its superiority over
existing analytical technologies. The findingThe finding is in line with previous research, such as Al-Shanableh et al. (2024),
Ghaleb et al. (2023), Lutfi et al. (2022), and Yadegaridehkordi et al. (2018). It can be inferred here that BDA is a useful tool
for management accountants and may improve decision-making. It is suggested that management accountants should
leverage BDA capabilities in decision science to write vibrant business success stories.

Compatibility of the existing system with BDA technology was positively associated with BDA adoption. This
extends the arguments of prior research works conducted in different contexts (Akter et al., 2016; Aldossari et al., 2023;

9



Kumar & Singh, International Journal of Accounting & Finance Review 17(2) (2026), 1-14

Gangwar, 2018; Ghaleb et al., 2023; Kapoor et al., 2015; Verma & Bhattacharyya, 2017). Adopting good data management
and governance practices, streamlining and smoothing organizational processes, adopting open standards, and upskilling
the workforce are a few suggestions to enhance BDA compatibility (Mukherjee et al., 2025).

The third hypothesis, i.e. ‘complexity involved in BDA technology negatively influences BDA adoption ', was not
supported by statistical numbers and hence rejected. This is an interesting finding that departs from several prior works
(Lutfi et al., 2022; Maroufkhani et al., 2020). However, it supports the argument of Richins et al. (2017), which showed that
accountants are already masters at working with structured data and well-positioned to create value in a BDA environment.
Complexity associated with BDA technology was not found to be a critical issue for Indian CMAs. This may be due to the
updated CMA course curricula on relevant academic and practical data analytics modules at different stages. Also, the early
introduction of professional programmes, seminars, webinars, workshops, and short-term courses on advanced data
analytics, artificial intelligence, and related subjects by ICMAI for its students and members could be a key enabler of such
capabilities. CMAs are conversant with traditional and some advanced-level data analytics tools as part of their day-to-day
work. Furthermore, the respondents in this study have at least 4 years of post-qualification industrial and professional
experience. This substantial tenure might have provided them with adequate technical competencies to effectively navigate
and implement advanced data analytics technologies such as BDA.

As established by previous researchers, vendor support is critical and positively influences BDA adoption
(Gangwar, 2018; Maroufkhani et al., 2020). Our results align with this argument. VVendors (third-party technology solution
providers) may encourage clients to innovate and adopt BDA by providing customized, appropriate warranty terms, security
assurances, free trials, training, workshops, and reliable after-sales services. Demonstration of BDA capabilities by vendors
for solving specific business problems may help business managers to appreciate BDA adoption. Vendors and clients can
critically examine the specific business needs, and vendors may offer workable solutions.

CONCLUSIONS

Considering the importance of big data analytics (BDA) in management accounting and its slow pace of adoption, as noted
by the research community, we empirically examined positive and negative factors influencing BDA adoption from the
viewpoints of Indian cost and management accountants. The findings of the work provide useful insights for managers,
industry, governments, regulators, practitioners, professionals, and academicians. BDA is a superior technology compared
with the analytical tools currently used by management accountants. To support the shift in the role of management
accountants from strategic advisor to strategic partner in business, it is suggested that management accountants adopt BDA.
Compatibility of existing IT infrastructure is a key factor; thus, BDA-compatible industries/firms can easily switch to BDA
platforms. Additionally, a clear mandate from senior management at the organizational level is critical to the smooth
adoption of BDA. However, complexity with BDA was not observed; it was a key hurdle in BDA adoption. Still,
management accountants need continual upskilling to stay abreast of technological developments in data-driven decision
science. Management accountants must continually update themselves to remain relevant in a disruptive technological
environment and contribute value to the value chain. Technology partners (vendors) must play a crucial role in BDA
adoption by providing customized, cost-effective plans. Vendors can offer demonstrations, free trials, security assurances,
and resorbable after-sales services to tap into business opportunities.

Theoretically, this study enriched the limited block of BDA literature in the management accounting domain.
Although previous researchers have performed BDA adoption and related studies targeting various themes such as SMEs,
manufacturing, supply-chain, hotels, healthcare, auditing, education, etc., to the best of the authors ' knowledge, none of the
studies exclusively focus on management accountancy and management accountants working in different organizations in
a fast-developing economy. As management accountants are uniquely positioned by virtue of their inbuilt analytical
capabilities on structured data and exploratory analysis, drawing direct inferences from previous research may be
inappropriate. For example, in most studies, complexity was a significant negative factor in BDA adoption, but our research
does not support these findings. This work presents a robust theoretical model on the TOE framework with high exploratory
power.

From a practical viewpoint, this study offers important implications for management accountants, BDA vendors,
professional bodies, and other interested stakeholders. By understanding the critical factors for BDA adoption, one can
appreciate why management accountants have lagged in adopting BDA and devise appropriate strategies to address the
hindrances. BDA is a relatively superior analytical tool that can help management accountants improve decision-making.
As a focused empirical study, the findings stress that BDA is a highly useful tool for management accountants and that they
must adopt it in their management accounting practices. Management accountants are likely to gain significantly from
adopting BDA in data-driven decision science. The compatibility between IT infrastructure and human attributes at the
organizational level is a key issue, and BDA adoption will depend on top management mandate, IT department support, and
a skilled workforce. Organizations should create a positive environment that facilitates the integration of physical and
intellectual resources to ensure the smooth adoption of BDA in management accounting. BDA vendors should critically
evaluate the need for BDA tools for management accountants and offer customized solutions with attractive pricing plans
based on services or user count. To help visualize and appreciate the BDA benefits, vendors can offer a trial version with
adequate training and technical support. Appropriate marketing strategies, such as positive word-of-mouth, social media
marketing, referrals, deferred billing plans, security and privacy assurances, and free warranties, may enhance vendors'
reputation and acceptance. Vendors may also demonstrate prior success stories of BDA adoption to attract new clients.

Interestingly, the complexity involved in BDA is not a critical issue for CMAs. However, there shall be a need for
continual skill upgradation. The Indian professional accounting regulatory bodies, such as ICMAI and ICAI, should
periodically review and adapt the training modules in their main and short-duration courses. Individually, the technology
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can be learned through short-term courses, workshops, seminars, webinars, and similar offerings from professional bodies,
academic institutions, and vocational training providers. Apart from this, the National Programme on Technology Enhanced
Learning (NPTEL) platform can be utilized to learn the BDA-related skills. There are several open-source/free
platforms/forums from which management accountants can acquire relevant BDA skills. The management accountant must
pass on the benefits of technological leverage to their clients and society at large by providing cost-effective, high-quality
services.

Like any other empirical study, this study is not free from limitations. Generalizations of the results from this study
require further support from similar studies, as the sample was limited to CMAs in India. As this is a cross-sectional study
utilizing a questionnaire, a causal relationship cannot be ruled out. Longitudinal research can assess more precise and reliable
results. Furthermore, to gain a deeper understanding of the topic, a qualitative inquiry is desirable.
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